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Machine learninga b s t r a c t
Current techniques for measuring feed intake in housed cattle are both expensive and time-consuming
making them unsuitable for use on commercial farms. Estimates of individual animal intake are required
for assessing production efficiency. The aim of this study was to predict individual animal intake using
parameters that can be easily obtained on commercial farms including feeding behaviour, liveweight
and age. In total, 80 steers were used, and each steer was allocated to one of two diets (40 per diet) which
consisted of (g/kg; DM) forage to concentrate ratios of either 494:506 (MIXED) or 80:920 (CONC).
Individual daily fresh weight intakes (FWI; kg/day) were recorded for each animal using 32 electronic
feeders over a 56-day period, and individual DM intakes (DMI; kg/day) subsequently calculated.
Individual feeding behaviour variables were calculated for each day of the measurement period from
the electronic feeders and included: total number of visits to the feeder, total time spent at the feeder
(TOTFEEDTIME), total time where feed was consumed (TIMEWITHFEED) and average length of time dur-
ing each visit to the feeder. These feeding behaviour variables were chosen due to ease of obtaining from
accelerometers. Four modelling techniques to predict individual animal intake were examined, based on
(i) individual animal TOTFEEDTIME relative expressed as a proportion of the dietary group (GRP) and
total GRP intake, (ii) multiple linear regression (REG) (iii) random forests (RF) and (iv) support vector
regressor (SVR). Each model was used to predict CONC and MIXED diets separately, giving eight predic-
tion models, (i) GRP_CONC, (ii) GRP_MIXED, (iii) REG_CONC, (iv) REG_MIXED, (v) RF_CONC, (vi)
RF_MIXED, (vii) SVR_CONC and (viii) SVR_MIXED. Each model was tested on FWI and DMI. Model perfor-
mance was assessed using repeated measures correlations (R2_RM) to capture the repeated nature of
daily intakes compared with standard R2, RMSE and mean absolute error (MAE). REG, RF and SVR models
predicted FWI with R2_RM = 0.1–0.36, RMSE = 1.51–2.96 kg and MAE = 1.19–2.49 kg, and DMI with
R2_RM = 0.13–0.19, RMSE = 1.15–1.61 kg and MAE = 0.9–1.28 kg. The GRP models predicted FWI with
R2_RM = 0.42–0.49, RMSE = 2.76–3.88 kg and MAE = 2.46–3.47 kg, and DMI with R2_RM = 0.32–0.44,
RMSE = 0.32–0.44 kg, MAE = 1.55–2.22 kg. Whilst more simplistic GRP models showed higher R2_RM than
regression and machine learning techniques, these models had larger errors, likely due to individual feed-
ing patterns not being captured. Although regression and machine learning techniques produced lower
errors associated with individual intakes, overall precision of prediction was too low for practical use.
 2021 The Authors. Published by Elsevier B.V. on behalf of The Animal Consortium. This is an open access
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).Implications
Improving feed efficiency is crucial for reducing the environ-
mental impact and economic cost of beef production, whilstensuring sustainable food production for a growing global popula-
tion. Breeding for improved feed efficiency requires accurate mea-
surement techniques for feed intake on an individual animal basis.
These individual measurement techniques are currently not com-
mercially accessible due to the cost and labour requirements of
the systems. This study shows liveweight and feeding behaviour
variables alone, which could be easily obtained from neck or ear
C. Davison, J.M. Bowen, C. Michie et al. Animal 15 (2021) 100231mounted accelerometers (e.g. collars/ear tags), are not adequate
proxies for estimating feed intake at an individual animal level.Table 1
Ingredient composition and chemical composition of cattle fed CONC (concentrate




Grass Silage – 169
Wholecrop Barley Silage – 325
Barley Straw 80 –
Barley Grain 650 272
Maize Distillers Dark Grains 239 202
Molasses (cane) 21 22
Minerals 10 10
Composition (g/kg DM)






Metabolisable Energy (MJ/kg DM) 12.3 12.3
NCGD (%) 80 79
Abbreviations: AHEE = acid hydrolysed ether extract; NCGD = neutral cellulose
gammanase digestibility.Introduction
Livestock production is under continued political pressure to
reduce its greenhouse gas output, with enteric methane account-
ing for approximately 10–12% of global anthropogenic emissions
(International Panel on Climate Change, 2014). The global human
population is expected to exceed nine billion by 2050 with meat
consumption projected to increase by more than 70% compared
with 2010 levels (McLeod, 2011). Achieving this level of produc-
tion, whilst reducing the environmental impact of ruminant live-
stock production, represents a considerable challenge. Feed
represents the single largest variable cost of beef production (be-
tween 50 and 75%), and ruminant methane production represents
a significant energy loss to the animal. Increasing the efficiency of
converting feed into product (i.e. beef) will increase profitability,
reduce the environmental impact and ultimately increase the sus-
tainability of beef production systems.
In order to improve feed efficiency, it is important to accurately
characterise the input (DM intake; DMI) and output (liveweight
gain; LWG) on an individual animal basis. Current techniques for
measuring individual animal feed intake are labour intensive and
too expensive for commercial use. Although measuring individual
animal feed intake in housed conditions is easier than outdoor sce-
narios, current systems are limited to testing stations or research
environments and can service only 2–5 animals per individual unit
(e.g. electronic feed intake recorders such as HokoFarm-Group
(Insentec, Hokofarm Group, Marknesse, Netherlands) and Grow-
Safe (Airdrie, Alberta, Canada). Outdoor measurements at pasture
(grazing) are restricted to indigestible markers, for example, the
n-alkane technique (Mayes et al., 1986). This technique is labour
intensive and prone to analytical errors, often resulting in poor
estimations of intake (Laredo et al., 1991).
Results from feeding experiments conducted in different
regions illustrate the large variation that exists in feed intake
within groups of animals offered the same feed. For example,
Fitzsimons et al. (2013) reported a difference of 15% in DMI in beef
heifers, whilst Hyslop et al. (2014) found a 16% difference in DMI in
finishing beef steers when comparing top and bottom terciles (i.e.
most and least efficient animals). Furthermore, less efficient steers
consumed £28 more feed (per head) over a 12-week finishing per-
iod compared to the most efficient tercile of animals (Hyslop et al.,
2014). Alongside the large between animal variation in intake that
exists, day to day intra-animal variation in intake in beef cattle also
exists due to environmental factors (e.g. temperature; Koknaroglu
et al., 2008).
Due to the large between animal variation in feed consumed,
there is a need for proxy measures of DMI. Time spent eating,
and other feeding behaviour variables, have previously been
reported as being positively correlated to DMI in beef cattle
(Nkrumah et al., 2007) and dairy cows (De Mol et al., 2016). These
studies focused on assessing relationships (correlations) between
feeding behaviour, feed intake and efficiency. However, to date,
there have been no attempts to predict feed intake from feeding
behaviour and readily available animal information in finishing
(housed) beef cattle. Commercial systems already exist which are
able to monitor feeding behaviour of individual animals, for exam-
ple through animal mounted accelerometers. The aim of this study
was to develop different analytical techniques to estimate individ-
ual feed intake using feeding behaviour, liveweight and age, mea-
sures readily available on farm with commercially available
technologies. It is hypothesised that models which are trained on
feed behaviours from individual animals will be able to learn2
non-linear relationships between these behaviours and resultant
feed intake, and thus outperform models which rely on herd-
level data. Preliminary results from this work have been previously
presented as conference abstracts (Bowen et al., 2020).Material and methods
Experimental design, diets and animals
The experiment was of a continuous design, comprising of two
diets (concentrate- or silage-based) and one cross-bred breed type
(purebred Limousin sire mated with Aberdeen Angus cross-bred
dam). Two diets (fed as total mixed rations) were generated using
a diet mixing wagon and consisted of (g/kg DM) forage to concen-
trate ratios of either 494:508 (MIXED) or 80:920 (CONC). The diets
were selected to represent contrasting commercially applicable
diets.
The DM contents of individual diet components were deter-
mined on duplicate samples twice weekly. Bulked feed samples
were analysed for DM, ash, crude protein, neutral detergent fibre,
acid hydrolysed ether extract, starch, and neutral cellulose and
gammanase digestibility (Ministry of Agriculture Fisheries and
Food, 1992), and metabolisable energy was estimated (Thomas,
2004). The ingredient and chemical compositions of the experi-
mental diets are given in Table 1.
In total, 80 steers were used (40 per diet) and each diet was
allocated to two pens (four pens in total; 20 steers per pen). Pens
were balanced for sire, farm of origin and liveweight and were bal-
anced across diets at the start of the experiment. Fresh water was
provided ad libitum using a water trough, and diets were offered at
approximately 1.05 times average daily intake to all steers using 32
electronic feeders (HOKO, Insentec, Marknesse, The Netherlands;
eight electronic feeders per pen) to ensure ad libitum access to feed.
All steers were bedded on wood fibre and sawdust to ensure that
consumption of bedding did not contribute to nutrient intake
and influence feeding behaviours. All steers were fed the MIXED
diet before being adapted to diets. Steers allocated the CONC diet
were gradually adapted to the full concentrate inclusion over a
4-week period. Forage to concentrate ratios were increased at
weekly intervals such that ratios of 38:62, 25:75, 13:87 and 8:92
were offered during adaptation. During this period, steers were
trained to use the electronic feed intake recording equipment.
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Individual daily fresh weight intakes (FWI, kg/day) were
recorded for each animal using the electronic feeding equipment
and DMI (kg/day) subsequently calculated. After adaptation to
the experimental diets, feeding behaviour was monitored for all
steers over a 56-day test period. One animal from the CONC dietary
treatment was removed due to ill-health unrelated to the study.
Animals were maintained under controlled conditions, where
group sizes within the pen remained constant. Feeding behaviour
variables were calculated for each day of the 56-day trial period,
generating 3 693 days’ worth of observations. Feeding behaviour
variables calculated include total number of visits to the feeder
each day (TOTVISIT), total time spent at the feeder calculated as
the sum of time of entry to time of departure for each visit daily
(TOTFEEDTIME), total time where intake was consumed calculated
as sum of time spent at the feeder where intake was recorded
(TIMEWITHFEED) and average length of time during each visit to
the feeder (AVVISITLENGTH). Feeding behaviours were recorded
on a per visit basis and summarised daily, and daily summaries
of variables were used in subsequent analysis. Steers were weighed
weekly on a calibrated weigh scale, and the liveweight on the near-
est weigh day was used for daily liveweights during the 56-day
trial period (LIVEWEIGHT). Feeding rate was not included in these
models as prior knowledge of feed intake is required.Statistical analysis
Diet effects on FWI and DMI and feeding behaviour were
assessed using the Wilcoxon rank test (R Studio, V 3.4.3) due to
the non-normal distribution of the data (normality assessed using
qq plots in R Studio). Due to differences observed in feeding beha-
viour between dietary treatments (Table 2), all subsequent analysis
and modelling were performed separately for CONC and MIXED
diets. The relationship between feeding behaviour variables (TOT-
VISIT, TOTFEEDTIME, TIMEWITHFEED and AVVISITLENGTH) and
feed intake was assessed using repeated measure correlation
(Python Pingouin, V0.2.9) as described by (Bakdash and
Marusich, 2017), to account for both variability within the individ-
ual and variability across the herd.Prediction models to estimate intake
Four techniques for predicting and estimating intakes (FWI and
DMI) were created based on (i) an animal’s proportion of TOTFEED-
TIME relative to the TOTFEEDTIME and total fresh weight intake of
the group (GRP) (TOTFEEDTIMEGRP), (ii) traditional multiple lin-
ear regression based on feeding behaviours, age and LIVEWEIGHT
(REG), and two machine learning techniques (iii) random forestsTable 2
Means and SD for feeding behaviour variables (by day) between cattle offered CONC
(concentrate based total mixed ration) and MIXED (mixed forage/concentrate based
total mixed ration) diets.
CONC MIXED
Item Mean SD Mean SD P-value
Fresh Weight Intake (kg/day) 13.49 2.22 23.24 3.35 <0.001
DM Intake (kg/day) 11.85 1.95 10.5 1.55 <0.001
TOTVISIT (number/day) 32.28 11.86 44.96 20.04 <0.001
TOTFEEDTIME (min/day) 96.05 20.44 136.30 22.30 <0.001
TIMEWITHFEED (min/day) 94.38 19.46 134.94 21.94 <0.001
AVVISITLENGTH (min/day) 3.31 1.20 3.62 1.62 <0.001
Abbreviations: TOTVISIT = total number of visits to the feeder, TOTFEEDTIME = total
time spent at the feeder, TIMEWITHFEED = time at the feeder where intake was
consumed, AVVISITLENGTH = average length of time during each visit to the feeder.
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(RFs) and (iv) support vector regressor (SVR). Machine learning
(RF and SVR) and REG models were used to develop models based
on training datasets. Both R2 and repeated measure correlation
(R2_RM; Bakdash and Marusich, 2017) were used to assess model
performance due to the repeated predictions within animals. RMSE
and mean absolute errors (MAEs) were calculated for each model.
MAE is more suitable to represent the average deviation, while
RMSE indicates the influence of outliers on the overall error.
MAE ¼
Pn
i¼1 yi  byi
 
n
Errors (RMSE and MAE) were also calculated to assess errors
associated with R2_RM, in which errors were calculated for each
individual and averaged to provide repeated measures RMSE
(RMSE_RM) and MAE (MAE_RM).
GRP_CONC and GRP_MIXED. In these prediction models, group
FWI was estimated using the sum of all individual feed intakes
fgroup, TOTFEEDTIME of an individual animal and TOTFEEDTIMEGRP
of the group. This is defined in the equation below, where PI is the
predicted FWI (kg), fgroup is the sum of all individual animal intakes
each day (kg), tind is TOTFEEDTIME of an individual animal (min)
and tgroup is TOTFEEDTIMEGRP of the group (min). This model
was repeated to predict DMI.
PI ¼ f group
tind
tgroup
REG_CONC and REG_MIXED. In these prediction models, data
were split into a training dataset containing 75% of the data and
test dataset containing the remaining 25%. Data were split based
on animals and both datasets were balanced to account for pen dif-
ferences. Multiple linear regression models were created using the
lm() function in R Studio with FWI and DMI as response variables.
Variables in the model included TOTVISIT, TOTFEEDTIME, TIME-
WITHFEED, AVVISITLENGTH, AGE, LIVEWEIGHT and average daily
temperature (DAILYTEMP) taken from meteorological data at a
local weather station. Each model was tested using the corre-
sponding dataset.
RF_CONC and RF_MIXED. These prediction models were based
upon random forest, a supervised machine learning technique
(Breiman, 2001). As with other supervised learning techniques,
data are split into a training dataset to build the model and test
dataset to assess model performance. Random forests are built
from a series of decision trees, each built from a random subset
of the samples and variables from the training dataset (Breiman,
2001). When each decision tree is built using the training dataset,
about one-third of samples are left out, this is known as the out-of-
bag data. After each tree is built, the out-of-bag data are run down
the decision tree to assess model performance and to calculate
variable importance (described further below). The final result of
the model is calculated by averaging the outcome of all decision
trees (in the case of regression). Individually, each decision tree
is poor at accurate predictions, however, combining multiple trees
allows for vast improvements in prediction.
Due to differences in feeding behaviour observed between diet-
ary treatments, random forest models were built for CONC
(RF_CONC) and MIXED (RF_MIXED) diets separately. For each diet,
data were split to create a training dataset (75% of the original
dataset) and test dataset (25%) of the data based on individual ani-
mals, e.g. 30 animals were included in the training dataset and 10
in the test dataset, with training and test datasets balanced for pen
differences RF_CONC and RF_MIXED models were created using
the randomForest package in R studio (V 3.4.3), with DMI and
FWI as response variables. Variables included in RF_CONC and
RF_MIXED models include TOTVISIT, TOTFEEDTIME, TIMEWITH-
FEED, AVVISITLENGTH, AGE, LIVEWEIGHT and DAILYTEMP. Models
were tuned by adjusting the number of trees (ntree) used, and the
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optimum ntree in each random forest model, 3 500 trees were
grown and the ntree with the lowest mean squared error value
(from OOB samples) was selected, allowing for mean square errors
to first be stabilised. The mtry was set as the square root of the
number of variables. The final ntree parameters for predicting
DMI were 3 487 and 3 499 for RF_CONC and RF_MIXED models,
respectively. The final ntree for predicting FWI was 685 and
2 383 for RF_CONC and RF_MIXED, respectively. The mtry was
set as three for RF_CONC and RF_MIXED models for both FWI
and DMI. The variable importance was assessed using mean
decrease in accuracy (%IncMSE), which is calculated by permutat-
ing an individual variable whilst untouching the remaining vari-
ables (i.e. removing one of the variables in the out-of-bag
samples and replacing with a random one) and comparing it
against the unpermuted variable. This is repeated for each variable
used in the random forest models and plotted in order of impor-
tance – a higher %IncMSE value represents a higher variable impor-
tance within the model. Each model was tested using the
corresponding test dataset.
SVR_CONC and SVR_MIXED. Support vector models using non-
linear kernels are able to capture complex relationships between
datapoints during training and are able to achieve good perfor-
mance when training data are of limited volume. The SVR
(Adwad and Khanna, 2015) is a reformulation of the SVM algo-
rithm for application to regression problems. Given training sam-
ples x, the aim is to determine a function such that predicted
value bx falls with e of the true value f xð Þ; where e represents an
error tolerance. Any predictions that lie outside the tolerance con-
tribute towards the loss function. To avoid model overfitting,
Tikhonov regularization is utilised. By modifying the kernel used
by the SVR algorithm, it is possible to model both linear and
non-linear relationships. In this research, the radial-bias function
kernel was utilised to allow modelling of non-linear relationships
between variables. Due to the difference in feeding behaviours
between the CONC and MIXED diets, models were trained sepa-
rately using the SupportVectorRegressor module (Scikit-Learn
(Python), v0.20.3). For the SVR model, 75% of the animals (30
steers) were used for training dataset and 25% (10 steers) in the
test dataset, balancing for differences between pens. Average per-
formance was evaluated through 5-fold Monte Carlo cross-
validation. The target variables were DMI and FWI, with TOTVISIT,
TOTFEEDTIME, AVVISITLENGTH, AGE and LIVEWEIGHT as input
features. Due to the usage of a non-linear kernel, it was not possi-
ble to retrieve feature importance of either SVR model.Results
Animal information and diet effects on feeding behaviour
Steers had a mean (SD) age of 476 (41) and 475 (42) days at the
start of the trial period for CONC andMIXED diets, respectively. Ini-
tial starting liveweight was 536 (61) kg for animals on CONC and
529 (64) for MIXED diets. The LWG for the 56-day trial period
was 1.60 (0.22) and 1.26 (0.20) for CONC and MIXED diets,
respectively.
Steers offered the MIXED diet had higher FWI (P < 0.001), higher
TOTVISITS (P < 0.001), longer TOTFEEDTIME (P < 0.001), longer
TIMEWITHFEED (P < 0.001) and longer AVVISITLENGTH
(P < 0.001) and lower DMI (P < 0.001) compared to the CONC diet
(Table 2).
Repeated measure correlations were used to assess correlations
between feeding behaviours and feed intake to more accurately
capture the repeated nature of daily intakes. Correlations between
TOTFEEDTIME and daily FWI for both the CONC and MIXED diets4
were respectively 0.609 (P < 0.001) and 0.604 (P < 0.001). The cor-
relation was lower between AVVISITLENGTH and daily FWI,
r = 0.478 (P < 0.001) for the CONC and r = 0.274 (P < 0.001) for
the MIXED diet. The TOTVISIT only showed a weak correlation with
the MIXED diet, at r = 0.165 (P < 0.001), and no correlation with the
CONC diet (r = 0.044; P < 0.001). The calculated correlation coef-
ficients were identical when using DMI as Pearson correlation is
invariant to a change in scale.
Accuracy of prediction models and variable importance
When considering FWI, GRP_CONC and GRP_MIXED models
showed highest R2_RM (0.42 and 0.49, respectively). Whilst these
models showed highest accuracy, errors were largest for these
models (RMSE_RM = 2.76 and 3.88 kg and MAE_RM = 2.46 and
3.47 kg). Regression based models showed a slight reduction in
accuracy for REG_CONC (R2_RM = 0.35) and REG_MIXED
(R2_RM = 0.36); however, errors were decreased (Table 3). Machine
learning based models showed lower R2_RM (SVR_CONC = 0.24;
SVR_MIXED = 0.20; RF_CONC = 0.18; RF_MIXED = 0.10); however,
these models had lower errors (RMSE and MAE; Table 3). Similarly,
when considering DMI, GRP_CONC and GRP_MIXED showed high-
est R2_RM values but also had highest errors compared to machine
learning techniques (Table 3).
Variable importance
Variable importance was calculated for RF models. LIVEWEIGHT
(4.0; 5.2 %IncMSE), TIMEWITHFEED (1.6; 2.0 %IncMSE) and AGE
(1.0; 1.4 %IncMSE) were the three most important variables for
predicting FWI and DMI respectively within the CONC diet. The
most important variables within the MIXED diet were LIVE-
WEIGHT (2.2; 10.1 %IncMSE), AGE (0.8; 4.1 %IncMSE) and TOTVISIT
(0.7; 3.3 %IncMSE) for predicting FWI and DMI, respectively.Discussion
The objective of this study was to develop and assess various
prediction models based on feeding behaviour and animal size
(e.g. liveweight) as a proxy for estimating individual animal feed
intake. Accurate recordings of feed intake are essential to measure,
with the ultimate goal of improving, feed efficiency in cattle. The
development of such models has the potential to overcome current
issues associated with the cost and accessibility of measurement of
individual feed intakes in a commercial setting. In this paper, mod-
els that incorporate individual feeding behaviour were contrasted
against models that work with herd-level aggregates. Models using
individual feeding behaviour (REG, RF and SVR) were shown to
have lower prediction error (RMSE_RM and MAE_RM) compared
to the simple group model operating on herd-level behaviours
(GRP). These results suggest that models which characterise the
individual may prove beneficial, however, more work is needed
to reduce the error and thus enable use in a commercial setting.
Feeding behaviour and correlations with intake
Time spent at the feeder (TOTFEEDTIME) was comparable with
other studies (Nkrumah et al., 2007; Haskell et al., 2019; Parsons
et al., 2020), where beef steers were fed high concentrate diets
through electronic feeders. The TOTFEEDTIME was also compara-
ble with steers fed a mixed diet (Haskell et al., 2019). Previous
studies have reported positive correlations between feeding beha-
viours (e.g. TOTFEEDTIME) and feed intake in both dairy and beef
animals, suggesting models which can learn individual behaviours
may deliver improved prediction. Although lower than results
Table 3
Performance measures of proportion of group feeding behaviour (GRP), regression based model (REG), random forest (RF) and support vector regressor (SVR) models for
predicting DMI and fresh weight intake (FWI). All prediction models were created separately within cattle offered CONC (concentrate based total mixed ration) and MIXED (mixed
forage/concentrate based total mixed ration) diets.
R2 P RMSE MAE R2_RM P RMSE MAE
FWI
GRP_CONC 0.02 <0.001 3.13 2.46 0.42 <0.001 2.76 2.46
GRP_MIXED 0.11 <0.001 4.32 3.48 0.49 <0.001 3.88 3.47
REG_CONC 0.44 <0.001 1.56 1.23 0.35 <0.001 1.53 1.22
REG_MIXED 0.36 <0.001 2.76 2.25 0.36 <0.001 2.65 2.45
RF_CONC 0.55 <0.001 1.84 1.64 0.18 <0.001 1.40 1.19
RF_MIXED 0.46 <0.001 3.11 2.49 0.10 <0.001 2.96 2.49
SVR_CONC 0.54 <0.001 1.56 1.18 0.24 <0.001 1.51 1.19
SVR_MIXED 0.48 <0.001 2.44 1.94 0.20 <0.001 2.38 1.94
DMI
GRP_CONC 0.01 <0.001 2.83 2.22 0.32 <0.001 2.54 2.23
GRP_MIXED 0.12 <0.001 1.95 1.55 0.44 <0.001 1.76 1.55
REG_CONC 0.44 <0.001 1.37 1.07 0.34 <0.001 1.34 1.06
REG_MIXED 0.35 <0.001 1.28 1.05 0.30 <0.001 1.23 1.05
RF_CONC 0.55 <0.001 1.61 1.28 0.18 <0.001 1.59 1.27
RF_MIXED 0.44 <0.001 1.45 1.19 0.13 <0.001 1.40 1.19
SVR_CONC 0.51 <0.001 1.43 1.01 0.19 <0.001 1.38 1.06
SVR_MIXED 0.44 <0.001 1.15 0.90 0.19 <0.001 1.12 0.91
Abbreviations: R2_RM = R2 using repeated measure correlations, MAE = mean absolute error.
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relations (r = 0.27; P < 0.001) between daily feeding time and DMI
in steers fed a high concentrate diet. Similarly, positive correlations
(r = 0.13; P < 0.05) between time at the feeder and DMI have been
reported in beef steers fed a high corn (Montanholi et al., 2010) and
high concentrate (r = 0.42; P < 0.05; Parsons et al., 2020) diets,
although a negative correlation (r = 0.16; P < 0.05) with number
of visits to the feeder was also noted (Montanholi et al., 2010).
Higher correlations between feeding time and FWI (r = 0.53–
0.95) have been noted in dairy cows fed a total mixed ration (De
Mol et al., 2016; Pahl et al., 2016). Feeding is regulated by negative
feedback signals from gut-fill to avoid over stretching of the gut
wall and metabolic signals based on availability of nutrients
(Forbes and Gregorini, 2015). Cattle fed higher forage diets
(MIXED) are likely influenced greater by gut-fill regulation due to
the bulkiness of the food explaining the increase in TOTVISIT and
TOTFEEDTIME observed in animals offered the MIXED diet com-
pared to CONC. Other factors including hierarchy and group
dynamics around feed bin space may also play a role.
Models to predict individual animal intake
Several recent studies have attempted to predict feed intake of
individual animals based on physiological measurements in both
dairy and beef cattle. Data from the RumiWatch System (Rumi-
Watch, Liestal, Switzerland) and IGER behaviour recorders (Ultra
Sound Advice, London, UK), used to quantify grazing behaviour,
were combined with physiological measurements (including live-
weight, body measurements, linear type scoring and thermal imag-
ing) to estimate intake in grazing lactating beef cows with
moderate success. Results (R2 = 0.59; Williams et al., 2019) were
similar to values reported in this study. However, it must be noted
that R2_RM values, although showing lower accuracy than R2, pro-
vide a better idea of model performance due to the repeated mea-
sure nature of the data. A machine learning approach using
boosted regression trees achieved moderate correlations
(r = 0.73) between actual and predicted intakes in dairy cows
(Kamphuis et al., 2017), and the R2 was not reported. A second
machine learning approach utilised artificial neural networks to
predict daily FWI with RMSE of 1.72 (Van der Waaij et al., 2016),
similar to errors reported from machine learning techniques for
FWI in this study. These studies have focused on using physiolog-
ical measurements to predict intake. To date, no study has5
attempted to predict intake from feeding behaviour variables,
which can be easily obtained from neck, or ear mounted
accelerometers, and basic animal information.
The present study has quantified the error in feed intake esti-
mate as a number of kg/day. This is a meaningful parameter for a
farm operative wishing to understand the production performance
of an individual. Hence, it is more meaningful to consider the
MAE_RM and the RMSE_RM, with MAE_RM ranging from 0.91 to
1.27 kg and 1.19 to 2.49 kg on DMI and FWI, respectively, and
RMSE_RM ranging from 1.12 to 1.59 kg and 1.40 to 2.96 kg on
DMI and FWI, respectively. The feed intake estimated from per-
centage of time spent feeding in relation to other animals in the
group (GRP) gives the highest RMSE_RM and MAE_RM for both
diets whether expressed as DMI (RMSE_RM 1.76–2.54 kg, MAE_RM
1.55–2.23 kg) or FWI (RMSE_RM 2.76–3.88, MAE_RM 2.46–3.47).
The higher error in the group model is because the individual ani-
mal feeding preferences (including feeding rates) are not captured
when estimating feed as a proportion of time in relation to the
group. In addition, prediction techniques using REG, RF and SVM
were based on data split into training and test datasets, which
allows the model to be created and tuned prior to prediction. These
datasets were also split based on individual animals which allowed
variation between animals across the entire trial period to be
accounted for. Both the RF and the SVR can weight contributions
from a range of measurements that influence feed intake and con-
sequently produce an estimate that is closer to the individual
performance.
Use of technology
Measurements of feed intake at an individual animal level are
desirable because they can be used to calculate the production effi-
ciency of an individual and hence enable farm operatives to make
informed operational decisions, e.g. when is the optimum time to
replace an animal. Automated measurement of feed intake using
electronic feeder systems is possible in research environments
(Chizzotti et al., 2015) but such systems are not practical for com-
mercial farms. Collar and/or ear tag monitoring devices which con-
tain accelerometers can provide measurements of time spent
feeding. These are derivatives of automated oestrus detection sys-
tems which are commonplace in dairy farming (Afimilk, 2015;
Heat Detection and Health Monitoring - National Milk Records,
2018). As market competition for oestrus detection aids has
C. Davison, J.M. Bowen, C. Michie et al. Animal 15 (2021) 100231increased, manufacturers have sought to differentiate their prod-
ucts by expanding their services. Consequently, feeding and rumi-
nation durations were targeted because they can be related to
animal welfare. Feeding and rumination behaviour can be detected
by processing accelerometer signals (Martiskainen et al., 2009; Kok
et al., 2015; Smith et al., 2016; Michie et al., 2017). FScore classifi-
cations of 0.8 for (Smith et al., 2016) are reported for both collars
and ear tag devices, indicating a strong balance between precision
and recall when detecting these behaviours. Similar performances
are reported for commercially available systems (Borchers et al.,
2016). Feeding and rumination behaviour provides useful informa-
tion and is used to alert to welfare issues such as lameness (Thorup
et al., 2016) or other welfare disorders (Mottram, 2016;
Stangaferro et al., 2016). However, no commercial systems cur-
rently exist that use collars or ear tags to estimate individual ani-
mal feed intake (DMI or FWI). While researchers have reported
the correlation between time spent feeding and feed intake (De
Mol et al., 2016), no study has quantified the precision of estimat-
ing feed intake using measurements of time spent feeding alone.
Here, prediction models were created from feeding behaviours
which are readily accessible from animal mounted accelerometers
(e.g. collar or ear tag technology). The TOTFEEDTIME can be mea-
sured using collars or ear tags. From this, the time that an individ-
ual or the herd spends feeding can be calculated. In addition to
TOTFEEDTIME, the TOTVISIT along with the AVVISITLENGTH can
give an insight into individual feeding preferences. External
parameters such as the animal age, liveweight and the average
daily temperature were used as inputs.
The above analysis has quantified the range of errors that may
take place when attempting to estimate feed intake using mea-
surements of feeding time. The approach that has been taken in
the present work was to calculate the scale of the errors under
ideal conditions, i.e. where exact measurements of feeding time
are available. In a production setting, inaccuracies in practical tools
such as collars and ear tags will further influence the robustness of
the above methods. This was not considered in the present analysis
which aims to provide a baseline characterisation to inform the
discussion as to whether such tools are valuable in this context.
In conclusion, with a mean error of approximately 10% of daily
intake, this study has shown that feeding behaviour and liveweight
alone are not sufficient to accurately predict feed intake on an indi-
vidual animal level.
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